Decomposing a biological sequence into modular domains is a basic prerequisite to identifY functional units in biological molecules. The commonly used segmentation procedures usually have two steps: First) collect and align a set of sequences which arc homologous to the target sequence; then parse this multiple alignment into several blocks and identify the functionally important ones by using a semi~ automatic method; which combines manual analysis and expert knowledge. In this paper) we present a novel exploratory approach to parsing and analYlling the above multiple alignment. It is based on an flJlaly-sis~of-variance (ANOYA) type decomposition of the sequence information content. Unlike the traditional change--point method; our approach takes into account not only the composition biases but also the over dispersion effects among the blocks. More generally; our approach provides a better way for judbring some important residues in a protein. Our approach tested on the families of ribosomal proteins has a promising performance. Some subsets of residues critical to these proteins are found.
Introduction
:0.-1ultiplc sequence alignment has now become a standard tool for finding cOIlserved patterns in a sct of biological sequences (scc, e.g.) Durbin ct aI, 1998 : Baxcvanis and Ouellette, 1998 : Huret and Abdcddaim, 2000 . In the case of Dl\A, such patterns could be binding sites for a protein or cis-regulatory dements (scc, e.g.) Hughes ct aI., 2000: Stormo and Fidds, 1998) . In proteins, these could be Dl\A-and RSA-binding sites (scc, e.g.) Casari, Sander, Valencia, 1995 : HofmanIl ct aI., 1999 . l;sually a biological sequence is made up of several segments of the same or different fUIlctioIls. Since Ilot all of these segments evolve at the same rate, a very common situation occurs when some of these segments arc well COIl served across certain phylogenetic domains, whereas others are very divergent and full of gaps, such that positional homology cannot be precisely determined and multiple substitutions have erased the phylogenetic information. In such a situation, it is important to distinguish between conserved and variable regions of an alignment. This gives rise to the following generalized segmentation problem. Given 1v (~ 1) sequences, say, AJ " .. ,AN, which are aligned as follows: (11) how can the above matrix be partitioned into several blocks in order to identify some specified common patterns in these sequences'? Here aij represents a symbol from the set { A, C, G, T, ---} (i.e.,four bases plus the gap) in the D]'\A case, or a symbol from the set {K, R, H, S, T,]'\, Q, D, E, A, V, I, L, M, F, Y, W, C, G, P. ---} (i.e., twenty amino acids plus the gap) in the protein case. To avoid confusion, we will call these sets the alphabet sets later OIl. :vIon: generally, given a family of unaligned sequences, how can we align them so that we can efficiently partition these sequences'? In this paper, focusing on a set of aligned sequences, we develop a new global segmentation method based on an Al\OVA type decomposition of the information content (IC) of these sequences. The information content of a set of aligned Dl\A fragments without gaps is introduced by Berg and von Hippel (1987) and Schneider et al. (1986) as an estimate of average specificity of the Dl\A-binding protein directly from a collection of regulatory sites. Here we e"A-tend this concept to proteins. A main advantage of our procedure over other e"Aisting methods is that we can obtain not only an optimal segmentation, but also the composition biases and dispersions within and among these blocks.
Then we can identify the important ones through comparing the normalized information contents of these blocks. To show this potential, we apply our procedure to the families of ribosomal proteins.
As our other contribution, we modified the Auger-Lawrence dynamic programming algorithm to solve the computational problem with a pol:ynomial time effort (Auger and Lawrence, 1989 ). Thus we give an answer to whether the computation of the Jensen-Shannon divergence based segmentation is l\P -complete (Rolluin-Rol,hin et aI., 1998: and Clote and Backofen, 2(00).
Information content approach
General concept
Here we give a general concept of information content, which is suitable for the multiple alignment in (L 1) and for any subset of the columns {I,···) so} called [I, so] . COIlsider a subset of [I, sol, say B. If letting k = 1, 2", " ' Uo represent the twenty amino acids ('Uo = 20) or four Dl\A bascs ('Uo = 4), and k = ' Uo + 1 stands for any gap, the Ie of variation (ICV) for block B (i.c., the columns indexed by B) can be defined as
where f(k,j) is the frequency of kin jth column, modified by the root 1v t:)1)C pscudocount: 
and IE! I is the number of columns in B f • Like Al\OVA, we have a very simple intuitive interpretation for (2.1): IC};n) is the total Ie difference among blocks, while IC~~~I) the total Ie spread within blocks. In the literature, IC~~~i) is often ignored. vVc find that it may be useful in showing the possible ovcrdispcI'sioIlS among these blocks (scc the next section).
As a main application of the above interpretatioIl, we find the following segmentation procedure:
"Vhen the number of blocks is fixed, the best way to parse the alignment is to choose B f ) 
After IC~;[ll,ijol is obtained, the associated partition can be constructed by the standard backforward tracking procedure of the dynamic programming.
Proof of (2.4): It suffices to show by induction on m that for any 1 :::; j :::; so, For m = 1, the assertion is obvious. Suppose the assertion is true for m = n. Then we show that it holds also for m = n + L To this end, we note that for any partition, say {Bf }n+1, of [1, j] , by the assumption for HI = n, n :L IB,IICB (B"q([l,so] 
On the other hand, by definition, there arc 1 = Ii < ...
The proof is completed,
Choice of the number of blocks
The underlying number of blocks is determined by the complc"Aity of the sequences under investigation. There arc several ways for determining such a complc"Aity. One is based OIl the biological knowledge. The others arc based OIl certain los8 fUIlctioIls. In the former we first select m using our biological knowledge. TheIl we make the optimal Al\OVA type decompositioIls followed by identifying the COIl served blocks. Finally we predict their roles. Some training samples and structural information seem useful in choosing m. However it is Ilot very reliable because many protein domains arc poorly anIlotated in the current protein sequence data bases (sec, e.g. Gracy and Argos, 1998) .
For the loss function based methods, we need to tackle the issue of the possible overdispersion among blocks. This is because the alphabet frequencies in some positions of many Dl\A and protein motifs arc highly heterogenous. Such a phenomenon can be partially described by an overdispersion factor (sec Lindsey, 1999) . The degree of overdispersion in the model is directly related to the number of blocks in a partition and to the complexity of each block.
To highlight the above point, we consider the following change-point testing model (Li, 2001 
where ui.t) is the count of k in the t-th block. Then the corresponding log-likelihood ratio test statistic can be rewritten as maxl(plHol = Icl;") p Thus, compared with the Al\OVA decomposition (2.1), the above testing model completely ignores Ici~~I), the variability of individual positions within blocks. This shows why in some cases the above testing model is too restricted to extract the main features from these blocks. For example, if we arc looking for the second structures for a family of protein sequences, it is obviously unreasonable to assume the homogeneity of the amino acid frequencies across the corresponding region in these sequences.
In what follows, we introduce two loss function based approaches for choosing the number of blocks.
Compared with the second approach, the first one has a slightly better performance in terms of IC};n) while performing a little worse in terms of resolution. with respect to m, where Ct reflects the roughness of the optimal partition. For the ribosomal protein families, in most cases using Ct = 0.3 can nearly recover the signatures presented in the data base PROSITE. l\ote that this constant is slightly larger than that used by Braun, Braun and :vliiller (2000) in the single Dl\A sequence case because of the overdispersion effect.
A:lethod 2: ';se a resolution criterion (RC) in which we choose B f , 1 :::; t :::; m so that the differences between the successive blocks are not less than a prespecified constant Co, i.e., r(Bf' Bf+1) ~ Co, 1:::; t :::; m.
Here Co shows the roughness of the resulting partition. To adapt the above dynamic programming to this new situation, we slightly modify (2.4) by setting is a modified version of that in Subsection 2.3.
13 [1 ,so] How to choose CO'! Observe that without overdispersion, r( B i , Bi+ 1) is appro"Aimately ;t 2 distributed with a degree of freedom ' Uo for the large blocks, which has the 0.005 quantitle 2.00 when ' Uo = 20. Taking the possible overdispersion into account, we set Co = 2C1 for protein sequences where C1 is used to reflect the overdispersion effect allowed among the blocks. For instance, in the ribosomal protein case, we can choose several values for C1, say 1. 75,2, and 2.25. l\ote that Agalarovet aL (2000) have shown that some ribosomal proteins like S18 may have the multiple functions: Rl\A-binding and protein-protein interaction. vVe use C1 = 1.65 to find the composition domains for these functions (see Table 3 .6).
In light of the above arguments, we suggest the following strategy in practice: Begin with moderate Ct and Co to find functional domains. Then take low Ct and Co to localize functionally important subsets of residues within these domains.
In this subsectioIl, we evaluate our approaches OIl the two kinds of ribosomal protein families: small-subunit families and large-subunit families, designated Sl, S2, ... , and Ll, L2, ... , respectively.
Ribosomal proteins, c"A-trcmdy ancient molecules, arc windows into the protein evolution. The recent studies showed that there arc some strong similarities between the binding-patterns (or structures) of R,l\A-and Dl\A-binding proteins (scc, c.g., Draper and Rc:ynaldo, 1999) . In particular, several binding strategics used by Dl\A-binding proteins arc found in those for ribosomal proteins. The key step in finding the R,l\A-binding motifs is to form ribosomal protein families with a certain degree of diversity and homology across certain phylogenetic domains. vVong and Zhang (1999) The motifs of these protein families arc identified by using the Gibbs motif sampler :0.-'IACAvV (Baxevanis and Quellette, 1998) and the iterative masking. According to the current structural or biochemical information on some sites of these motifs, they found that almost all the most conserved motifs based on :0.-'IACAvV arc located in the putative RSA-binding domains. However it is difficult to determine the boundaries of these motifs. Here we first make multiple alignments for all these families by means of CLl;STAL VV with default setting (Thompson, Higgins and Gibson, 1994) . vVithout loss of generality we usc the uniform background probabilities, namely Po = (1/21" ",1/21), because it doesn't affect the optimal partition. Then we analyze these alignments by our new approach. Compared with :0.-'IACAvV, our approach gives not only a better boundary resolution but also composition biases and variations for these motifs. As examples, we present these analyses for the L2, S15, and S18 families in Tables 3,1 In these tables, the 'i and li columns give the indices and right boundaries (i.e., locations of change points) of blocks B i , 'i = 1,"', m in the optimal partition. The AJCTi, Si and 'ri columns show the total average information content, bias-to-variation ratio and resolution for each block, respectively. Here we write ArCTi = ArCT(Bil, Si = S(Bil and Ti = T(Bi' Bi+ll, As pointed out before, ArCTi allows one to compare one block to another. Our experience confirms that those blocks with a relatively higher Si arc often very divergent and full of gaps or arc singletons, whereas those blocks with a moderate Si ('2 1) or a relatively higher AICTi arc often corresponding to some important regions.
vVe adopt the following procedure for summarizing the information. vVe first classify the blocks with
Si '2 1 into two groups according to whether they arc gap blocks (i.e., more than half of which arc gaps) or not. For example, for the L2 family, we classify blocks 2, 13, 17,27, and 36 in Table 3 .2 as gap blocks and assign blocks 6, 7, 10, 19, 23, 29, 30 , and 31 group a of non-gap blocks. The next step is to classify the blocks with Si < L For example, we select those blocks, which have a AICTi value larger than 25% of the highest among these blocks, to form group b. vVe call them potentially important blocks for a further analysis.
For L2, we usc both :vIethods 2 and L By using :vIethod 2 and the e"Al)erimental results of l\akttgawa et al. (1999), we find that in Table 3 .1 the conserved blocks 3, 4, 6 arc located in the l\-terminal Rl\A-binding domain while the conserved block 8 is in the C-terminal Rl\A-binding domain (Figure 3 .1). The functions of two conserved blocks 9 and 10 remain to be determined. Table 3 (1) to (5) arc the potentially important residue subsets in the binding domains just mentioned, while the blocks in region (6) arc the potentially important residue subsets for block 10 in Table 3 .1.
[ Figure 3 .1 here.]
[ Table 3 .1 here.
[ Table 3 .2 here.
For S15, from Table 3 .3, using :vIethod 2 with Co = 4.5 we identify three potentially important blocks:
blocks 3, 5, and 7. These blocks arc located in the Rl\A-binding domain. Furthermore, using :vIethod 2 with Co = 3.5, we find five very informative subsets of residues in this domain: blocks 6, 16, 18, 20, and 31 in Table 3 .4 (Figure 3 .2). Interestingly, they arc all functionally important because they serve as the S15-rRl\A interfaces (sec Agalarov et aL, 2000) .
[ Figure 3 .2 here.]
[ Table 3 .3 here.
[ Table 3 .4 here.
For S18, from Table 3 .6, on the basis of the experimental results of Agalarov et al. (2000), we find that blocks 7 and 9, which have several hydrophobic positions, arc putative regions for the interactions between S6 and S18, while block 8 is the putative region for the Rl\A-binding (Figure 3. 3). The role of block 6 has not been determined yet although it has the second largest AICTi value. It may be a Rl\A-binding site because it has two very conserved hydrophilic positions.
[ Figure 3 .3 here.]
[ Table 3 .5 here.
[ Table 3 .6 here.
Discussions and conclusions

Possible extensions
The concept of information content has been shown to be a very useful objective function for discovering regulatory sites or binding motifs in co-regulated genes (sec, e.g., Heumann et aL, 1994) . But in other settings, we need to exploit some special pattern features. As an example, we modify the above concept for the protein coding region recognition by utilizing its nonuniform codon usage feature: each nucleotide has its own phase because the probability of appearance of a nucleotide is different in each of the three positions of the triplets (sec, e.g., Grantham et aL, 1981) . Since this feature is not present in noncoding regions, it can be used to distinguish coding from noncoding. To this end, for 'U = 1,2,3, and for [I, sol, we set the phase set 
IBt I where 1 :::; k :::; Vo + 1, 'U = 1,2,3: and modify the summtmds in (2.2) by letting The problem we investigated in the previous sections can be viewed as that of clustering a set of ordered objects (i.e., columns) which are characterized by some probabilistic vectors (i .e., the alphabet frequency vectors). vVe will show elsewhere that our method is even useful in building a phylogenetic tree for a set of sequences.
Relation to the other methods
For a single Dl\A sequence, our method is equivalent to a generalization of the Jensen-Shannon divergence based segmentation method (Oliver et aL, 1999 ) except that we take into account the possible overdispersion effect on the choice of the significance leveL Here the overdispersion means that in reality there is greater variability among the columns in (1.1) than would be expected from a statistical model (e.g., product multinomial model), because we can not expect each domain to be completely homogeneous. There are many different segmentation methods in literature. See the recent review by Braun and :0.-liiller (1998). All these methods, though effective in detecting a long pattern (e.g., a coding region), are not very useful for detecting a short pattern like a cis-regulatory element. In order to identify these short patterns, we usually need to collect and align a set of similar Dl\A sequences (or fragments) across the different species (Andre et aI., 2001) . Then these patterns can be found by parsing this multiple alignment. In the case of protein, Liu and Lawrence (1999) introduced a Bayesian global segmentation model. However, for other multiple alignment procedures (for instance, Clustal VV or profile H:0.-10y'I), there is no general approach to identifying several patterns simultaneously. The traditional methods are based on a moving window with iterative maskings (Hughes et aI., 2000) . The length of a local window or the boundaries of these patterns are often determined in an adhoc way. For example, we often need to specify the bandwidth of the Gibbs motif sampler (Liu, l\euwald and Lawrence, 1995: Baxevanis and Ouellette)998) using our e"Al)erience. Auger and Lawrence (1989) presented a nice discussion on the advantages of global methods over the moving window methods. Finally, we note that our method can be integrated into evolutionary trace analysis for identifying structual features within a protein (Landgraf et aL, 1999) .
Conclusions
vVe have introduced a general concept of information content for a set of aligned sequences. vVe have presented an Al\OVA based information content method for predicting functionally important motifs in both Dl\A and proteins. A dynamic programming algorithm has been modified for solving the computational problem in parsing a multiple alignment. vVe have evaluated our method on the ribosomal protein families. Some new motifs related to the interaction between the ribosomal proteins and ribosomal Rl\A have been recovered.
The major shortcoming of our procedure is the prerequisite of a valid alignment of the input sequences.
This could be difficult sometimes, especially, for the genomic sequences. Although it seems possible to develop some procedure for aligning and parsing the input sequences in an iterative way on the basis of certain Al\OVA decompositions of the sequence information content, the computational time for such a task turns out prohibitively long. ramily and the important blocks derined in Table 3 .3. is used to mark the important blocks (sites) derined in Table 3 .4. ramily and the important blocks derined in Table 3 .5. * (or a) is used to mark important blocks (sites) derined in Table 3 .6. Here theth: Thermus thermophilus;
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